ABSTRACT
INTRODUCTION
variety of techniques and measures are used to assess the performance of profit and nonprofit organizations. Over the years, many models have been created to predict the failure, bankruptcy, insolvency or distress of profitable companies using a multiple discriminant analysis (MDA), which is a commonly used technique. A high number of the studies implement predictor variables, or financial ratios, that are developed from the balance sheet and income statement (i.e., accrual-based financial statements) rather than the statement of cash flows. In an MDA, it is assumed that predictor variables are measured on a continuous scale and their distribution is multivariate normal. It is also assumed to have a common covariance matrix across dependent variables. Another multivariate technique, the logit regression analysis (LRA), has not been used as often by researchers. The LRA allows predictors to be continuous, categorical or a mix of both and does not assume normality of continuous explanatory variables. Moreover, the LRA technique is more robust than MDA and is appropriate for a wider class of distribution (Lo 1986 ).
When comparing bankruptcy prediction models, the CFS-based models are more practical. Cash flow "information has significant information content over accrual information in assessing the predicted probability of failure" (Sharma 2001, 4 ). Yet, Sharma noted in his paper that prior studies using CFS-based models had mixed or inconclusive results for the following reasons: (1) failed to properly measure CFO; (2) lack of model validation; (3) used old data; (4) ignored some important components of the CFS or variables; and (5) lack the ability to be replicated. Each of the failures in prior studies, as identified by Sharma, are addressed in this study.
THE MODEL
A success-distress prediction model was created using a Logit Regression Analysis (LRA), which is a process that reduces multiple measures to a single weighted composite score, zi, that can be used to distinguish between two group members of two groups and estimate the probability of fitting in one group over another (Sharma, 1996) . In cases using two groups, a multivariate analysis is reduced to a simple univariate. Mathematically, LRA obtains coefficients (ais) of financial ratio or predictor variables (xis) in a linear equation, such as that in equation 1,
which minimizes error sum of square. The predicted probability of failure 'pi' is then calculated using equation 2,
where e is the base of the natural logarithm and zi is the predicted (logit) score.
The primary objective of this model is to predict whether the assessed organization is distressed or not, signaling stakeholders that the organization has a higher probability of failure in the near future. Multicollinearity among independent variables does bias the relative importance of each variable; however, in a descriptive-predictive model, one should refrain from giving undue importance to the estimated coefficient.
DATA
A list of "inactive" firms was obtained from COMPUSTAT to select approximately 90 "failed" or "distressed" firms from the 2008-2015 period. Each of the distressed firms was matched with a "successful" firm of comparable size (e.g., sales or total assets) in the same Standard Industrial Classification (SIC) code. All financial data for the fiscal year prior to the inactive year was obtained from the COMPUSTAT database. Of the 85 industries represented in the analysis, the industries most represented are prepackaged software services, women's clothing retail stores and videotape rental services (5.154, 4.571 and 3.429 percent, respectively) . For more information pertaining to the industries, refer to Appendix A.
PREDICTOR VARIABLES
The proposed model is generic in the sense that it can be used to predict the probability of success-distress of any organization for which three basic (audited) financial statements are publicly available. The binary dependent variable is an inactive or distressed firm is represented by a zero (0) and an active or success firm is one (1) . We selected cash The Clute Institute flow based explanatory variables to construct the logit model. The five cash flow metrics used as predictor variables are as follows:
1) Operating cash flow / current liabilities 2) Cash flow coverage of interest 3) Operating cash flow margin 4) Operating cash flow return on total assets 5) Earning Quality
The rationales for selecting the above-mentioned metrics to use in our LRA model are as follows:
X1 Operating cash flow / current liabilities (CFO / CL): This ratio measures a company's liquidity or its ability to pay short-term obligations (Bhandari & Iyer, 2013; Dennis, 1994; Figlewics & Zeller, 1991; Mills & Yamamura, 1998; White, Ashwinpaul, & Fried, 1997; Wild, Bernstein, & Subramanyam, 2001) . If a company has a high value for this ratio, then it is less likely to fail.
X2 Cash flow coverage of interest ((CFO+INT+TAX) / INT or INT COVERAGE):
When a company is struggling, sometimes creditors will allow it to temporarily pay the interest on a loan. However, depending on the situation, if a company is unable to meet that minimum obligation it may be forced into technical bankruptcy (i.e., going concern) (Johnstone, Gramling, & Rittenberg, 2015) . This ratio is similar to the accrual-based Times Interest Earned (TIE) ratio in that it measures the financial strength of a firm; however, the cash flow coverage of interest ratio is measured using more economically sensitive information from the cash flow statement. Specifically, the numerator is the operating cash available to a firm prior to paying interest and taxes, and the denominator is the interest for short-and long-term debt (Bhandari & Iyer, 2013; Carslaw & Mills, 1991; Figlewics & Zeller, 1991; Fraser & Ormiston, 2010; Mills & Yamamura, 1998; Stickney & Brown, 1999; White et al., 1997) . The higher the value for this specific ratio, the less likely the firm is to default on meeting the minimum obligation.
X3 Operating cash flow / sales (CFO / NET SALES):
Similar to the traditional profit margin ratio, this ratio measures the percentage of operating cash earned from sales and is a better measure for assessing profitability of operations or firm liquidity than the traditional financial statement ratios (Bhandari & Iyer, 2013; Carslaw & Mills, 1991; Dennis, 1994; Figlewics & Zeller, 1991; Fraser & Ormiston, 2010; White et al., 1997) . This ratio is calculated by dividing CFO by net sales. A higher value in this ratio is more desirable because it signals that the firm is profitable in its dayto-day operations.
X4 Operating cash flow return on total assets (CFO / TA): Financially healthy companies are better able to generate cash more efficiently from its assets obtained through creditor and investor financing (Bhandari & Iyer, 2013; Figlewics & Zeller, 1991; Fraser & Ormiston, 2010; White et al., 1997) . This ratio is similar to the conventional return on assets (ROA) in that it uses total assets in the denominator; rather than using the net income as the numerator, as in the ROA ratio, this ratio uses CFO. Consistent with the previous cash flow based ratios, a higher value is more desirable.
X5 Quality of earning (EBIT/CFO):
Successful companies are better able to meet stakeholders' expectations (i.e., analysts' forecasts) and more conservative in reported earnings suggesting the company has higher earnings quality (Fraser & Ormiston, 2010; White et al., 1997; Wild et al., 2001) . Consistent with the method used by Bhandari and Iyer (2013) , we use the accrual-based accounting value from operating income (i.e., earnings before interest and taxes or EBIT) as the numerator and CFO as the denominator (Bhandari & Iyer, 2013) . Companies that have a value of one or less for this ratio are more likely to use conservative reporting measures and less likely to have financial difficulty.
RESULTS AND ANALYSIS
SPSS-22 software was used to perform binary logistic regression analysis. Below are tables showing descriptive statistics, a univariate test of significance, classification percentages, and the individual probability of group membership. The 175 firms were assessed using a binary logistic regression, and we find that the model is statistically significant (χ 2 (5) = 154.781, p = 0.000) (refer to Table 2 ). Results show that firms' ability to cover current debt (X1), interest expenses (X2), and generate a cash from sales (X3) are significant (p = 0.035, p = 0.006 and p = 0.038, respectively) although companies' progress on generating cash from all assets (X4) and make quality earnings (X5) are not (p = 0.783 and p = 0.257, respectively) . The lack of significant findings in generating cash from all assets (X4) and ability to generate quality earnings (X5) may be due to the greatest economic recession in the United States. The recession "officially began in December 2007 and ended in June 2009" (Fieldhouse, 2014, 1) ; however, the economic recovery has been very slow causing once healthy companies to fail (Lee, 2014 and The Center for Financial Innovation and Stability, 2016). Overall, the model is statistically significant (Χ 2 (5) = 154.781, p-value = 0.000, Nagelkerke R-square = 0.784). In Table 02 , expected beta values, also known as the odds ratio, are predicted by the model. The value 22.047 for the CFO/CL ratio means that the odds of this ratio to predict business success are 22 times better than to predict distress. In contrast, this also means that the interest coverage has the lowest prediction value, which is consistent with the univariate test of significance output. In the follow-up analysis, all predictor variables are significant except for the interest coverage variable; the lack of significance for this variable was expected considering it is the last expense to be left unpaid.
More importantly, the model correctly classifies 70 out of 81 successful firms (86.420 percent) and 88 out of 94 unsuccessful companies (93.617 percent). Overall, the model correctly categorizes 90.290 percent of the time, which is better than the "by chance" criterion of 50 percent (Refer to Table 03 ). Sharma (2001) noted that prior studies have failed to cross-validate results and that there may be an upward bias in those results when a model is tested using the original sample data. To determine whether we have a similar issue, the model was evaluated for cross-validity using a leave-one-out-estimate analysis (LOOE), which is an unbiased estimation of classification accuracy. A leave-one-out-estimates (LOOE) method of classification is comprised of many procedures that are completed using a computer program. [1] First, data is formatted using Excel. Second, the LOOE program is opened and the file location, identifying information and analysis criteria are entered. The program removes an observation and performs linear classification functions on the remaining units (N-1). Third, the functions are used to classify the deleted unit into a group. Finally, the process is repeated for an unknown number of iterations to create hit-rate estimates, which are based on the "proportions of deleted units correctly classified" (Huberty 1994, 88) . This method is similar to that which is also referred to as the "jackknife" method (Bellovary et al. 2007, 7) .
The program also generates the McNemar's Z, which is a standardized test statistic on how well the model predicts group membership. We find a significant difference (McNemar's Z = -2.320, p = 0.020); the group membership correctly predicted by the model is statistically higher than that of the observed group membership correctly predicted. In other words, the results statistically support that the model is fairly accurate in its prediction of successful versus distressed firms. Specifically, Table 04 shows that 80.570 percent of the observed group was correctly matched to the predicted group while only 10.860 percent of the observed group were incorrectly matched to the predicted group. According to the LOOE analysis, the overall hit-rate is 82.290 percent. 
The Zi value is then converted into the probability of success/distress by using equation 4, , = # 6 7% &8 6 7% ) 100.
(4) The Clute Institute
The following step-by-step approach can be used to predict the probability of success for an entity:
1) Obtain audited financial statements of the organization.
2) Extract seven variables: cash flow from operations (CFO), current liabilities (CL), interest expense (INT), tax expense (TAX), net sales (SALES), total assets (TA), and earnings before interest and tax (EBIT). Note: The interest and tax expense values may be reported as negative values; this information should be verified prior to using them in the calculation. 3) Calculate the predictor variables using the following formulas: CFO/CL; [(CFO+INT+TAX)/INT]; CFO/SALES; CFO/TA; and EBIT/CFO. 4) Insert the calculated values of the predictor variables in Step No. 4 into equation 3 (above) and calculate the value of the dependent variable, Zi. 5) Calculate pi using equation 4. If the probability value is high (above 50 percent), it indicates that the entity has a probability of success in the following period.
The five steps listed above are applied to three different type of companies: 1. J. C. Penney, a for-profit publicly traded corporation, 2. The Center for Nonprofit Management Inc., a nonprofit organization and, 3. The City of Detroit, Michigan, a local government entity.
EXAMPLE NO. 1 -J. C. PENNEY COMPANY, INC.
An online search for "audited financial statements for JC Penney" was completed to obtain the data for the publically traded entity. The most recent audited financial statements are available for the fiscal year ended January 30, 2016. The information needed to complete the model was collected and is presented in Table 5 . [2] (89) After using Equation 3, we obtained the values presented in Table 8 . The predicted value, or Zi, for the nonprofit equals 11.711. Next, the value obtained was entered into equation 4. Based on our calculations, The Center for Nonprofit Management Incorporated has a 99.999 percent probability of success in the following year. The three above examples clearly show the versatility of our model's ability to predict the probability of success/distress of any type of organization-profit or nonprofit. The predictions in these examples turned out to be in line with the actual outcome.
SUMMARY AND CONCLUSION
Many bankruptcy prediction models have been created over the years using a mix of variables derived mostly from accrual-based accounting statements and were industry specific. The primary issue with using a model comprised of accrual-based variables is that firm management can manipulate different components of the balance sheet and income statement to make the values misleading (Wanuga 2006) . Thus, firms may appear financially healthy yet unable to meet day-to-day cash flow needs of the entity, which is less likely to be hidden in the cash flow statement (Sharma 2001) .
In this paper, we use a binary regression model with theoretically supported variables derived from the cash flow statement to predict firm success versus distress. Of particular interest, we examine firms representing 42 industries using firm data during and immediately following the greatest recession in United States history (Fieldhouse 2014; Lee 2014) . The model, therefore, is generic in the sense that it can be used to predict the probability of success-distress of any organization as long as the three major financial statements are available. We also find that the model correctly classifies successful and distressed firms with high accuracy rate.
Unlike other success/distress models, our model can be used on many types of entities. Using three examples, we show that the model can not only predict the success/distress of for-profit entities, but we can also predict the success/distress of nonprofit organizations and government entities.
